Modelling large-scale traffic flow systems at a disaggregate level can be data intensive as it requires extensive knowledge about the activities and activity chains of vehicles. This paper focuses on activity chain generation for commercial vehicles. We use a large sample of GPS records to extract a complex network and sample chain characteristics from. The paper makes a valuable contribution in both its methodology, and in its focus on intra and inter-provincial vehicle populations simultaneously. The simulated chains are validated in terms of vehicle kilometrekilometres travelled and its spatiotemporal accuracy, comparing favorably in both.
Introduction
Commercial vehicles may account for only a small portion of the total vehicle population, but they contribute disproportionately to the traffic conditions, the impact on road quality, and the environment through noise and emissions. On the positive side, they contribute to the economic activity and resulting gross value-add of a region. Winter & von Hirschhausen (2006) use a value of time for commercial vehicles that is three times that of private car commuters. Freight is expensive, though, since transportation costs make up a sizable portion of a country's total logistic cost.
Our interest in this paper is on vehicular movement, and not the commodities transported, as is often the focus in freight flow models. Our understanding of how commercial vehicles behave and move around lags our understanding of how people move around. Many of the freight models are adapted from classical four stage models, for example Marker Jr and Goulias (1998) and Al-Deek, Johnson, Mohamed & El-Maghraby (2000) , to name but a few. In practice, many modellers add commercial and freight vehicles as mere background noise. Comparing both aggregate and disaggregate freight models, Hensher & Figliozzi (2007) and Samimi, Mohammadian & Kawamura (2009) highlight the gap in our understanding of freight vehicles' behaviour in order to capitalize on the decision-making benefits that disaggregate freight modelling holds. Chow, Yang & Regan (2010) review the value of disaggregate freight models, noting that good freight demand models should have a strong behavioural foundation. To this extent contributions such as Holguin-Veras & Patil (2005) , Ruan, Lin & Kawamura (2012) and Schroeder, Zilske, Liedtke & Nagel (2012) have been very valuable.
Disaggregate modelling approaches can provide more accurate and richer result sets that are time-dependent and allows for aggregation to any level required for better decision-making. But they are more often than not computationally expensive and data intense. Modelling commercial vehicles more accurately and realistically should result in more accurate predictions of travel time as both Gao, Balmer & Miller (2009) and Fourie (2010) show using agent-based models. When testing infrastructure investment decisions, say the expansion of a portion of the road network, improved travel time prediction allows better evaluation of the direct effects (travel time savings) of the investment. Although agent-based models hold promise of improved disaggregate modelling and decision-support, much work remains.
This paper aims to contribute by taking another step in disaggregate commercial vehicle activity chain modelling. We build on an earlier paper by Joubert, Fourie & Axhausen (2010) who show how large-scale scenarios that include both private car and commercial vehicles can be simulated in an agent-based setting using complete activity chains. These chains were the result of passive GPS logging of large samples, and not the consequence of distribution channels (Ruan, Lin & Kawamura, 2012) or complex contract negotiations (Liedtke, 2009; Schroeder, Zilske, Liedtke & Nagel, 2012) , the latter two being much more sophisticated, but often unattainable as a first approach for low and middle-income countries, such as South Africa.
The earlier work by Joubert, Fourie & Axhausen (2010) had two main drawbacks, both which we aim to address in this paper. Firstly, the synthetic population of commercial vehicles only accounted for those agents that remain predominantly inside the study area. Ruan, Lin & Kawamura (2012) call these urban commercial vehicle movements while in the context of this paper we will refer to such chains as intra-provincial. The reason is contextspecific as we use Gauteng as study area, the smallest of the nine provinces in South Africa and the economic heart of the country (see Fig. 1 ). It would not make sense to focus on any one of the five metropolitan and district councils within Gauteng as they have morphed into a megacity with the majority of people and goods movements between the metros. In this paper we extend the earlier work and create separate and unique populations for the intra-and inter-provincial commercial vehicles.
Secondly, Joubert, Fourie & Axhausen (2010) sample the commercial vehicle activity locations from a kernel density estimate and randomly sequence them. Although their travel time and spatiotemporal validation affirm their approach, results reveal that the chains significantly overestimated the vehicle kilometrekilometres travelled (VKT). We will employ complex networks to improve on the activity sequencing. In addressing these issues, our paper makes a methodological and substantive contribution. Methodologically, to the best of our knowledge, it is the first integration of GPS records and complex networks to generate activity chains. We demonstrate the use of a large GPS data set (40,000+ vehicles over a six-month period) to generate full-day activity chains. We start by presenting the data and methodology used to extract the activities and activity chains from GPS data, as well as the resulting complex networks. The generation of the activity chains for both intra-and inter-provincial vehicles are explained, after which the simulated chains are validated. We conclude with suggestions for further development. 
Data and Methods
This paper, like Joubert, Fourie & Axhausen (2010) , Joubert & Axhausen (2011 ), Joubert (2012 , van Heerden & Joubert (2012) , uses the Digicore Fleet Management data set that includes the GPS logs for 41 711 commercial vehicles over the six-month period 1 January 2009 --30 June 2009. The cTrack data provide a large sample of various vehicle-related metrics such as engine temperature, opening and closing of doors in an ignition-on state, harsh braking, and over revving. Our point of departure is the activity chains extracted from the GPS records (Joubert & Axhausen, 2011) . For each vehicle we have all its complete observed activity chains: each chain starts and ends with what is referred to as a major activity (lasting in excess of 5 hours), and for the rest made up of minor activities. Although we do not know the activity purpose, e.g. loading, delivery or service, we do know the exact location and start and end times of the activity.
Based on the total number of activities that were observed for a vehicle in the given study area, Gauteng, we distinguished between intra-provincial vehicles; those that have at least 60% of their activities inside Gauteng; and inter-provincial vehicles, those with at least one but fewer than 60% of their activities inside Gauteng (Joubert & Axhausen, 2011) . A total of 10,428 intra and 11,262 inter-provincial vehicles were identified. The remaining 48% of the vehicles had no activities inside Gauteng and were omitted for this paper.
Since GPS records are noisy, the density-based algorithm proposed by Joubert & Axhausen (2013) is used to estimate the real location of the facilities where activities occur. If at least 15 activities were observed in a 30m radius, a cluster was created. The activity locations of all activities associated with a cluster were then changed to the location of the centroid of the cluster. Since both intra and inter-provincial vehicles cross the boundary of Gauteng, we created eight artificial gateway facilities on the most prominent routes leading into and out of the province (Fig. 1) . The portions of the activity chains that fell outside the boundary were subsequently ignored and replaced with an appropriate entry or exit activity.
Using a direct vehicle trip between two clustered facilities as a proxy for a dyad (link) between the two facilities, we extracted a weighted (complex) network of trips. For each trip of each chain of each vehicle we created a link in the network between the origin and destination nodes (facilities), but only if both the nodes were included during the clustering. If not, the trip was ignored. All nodes that coincided with major activities were flagged. The result is a complex network of connectivity between facilities at which many vehicle activities were observed. For a comprehensive introduction to spatial networks the reader is referred to Boccaletti, Latora, Moreno, Chavez & Hwang (2006) and Barthélemy (2011) .
We created two networks: one from intra and the other from inter-provincial vehicles' observed activity chains, anticipating that their activity chain structures are different.
Activity Chain Generation
Day-to-day variation of the level of activity was studied by van Heerden & Joubert (2012) . In line with expectation, Mondays through Fridays were all very similar while weekends differed distinctly. As a result, a Tuesday was chosen as a typical day for our activity chain generation, and in particular 27 January 2009 was randomly chosen as an anchor date. The rest of the section is split into covering the two types of activity chains: intra-and inter-provincial.
Intra-provincial chains
We considered the 10,428 intra-provincial vehicles and identified 6,052 with activity chains that started on the randomly selected anchor date. A conditional probability matrix was constructed using the observations of each chain's start time, number of activities, and chain duration.
In a spatial (complex) network, the degree of a node refers to the number of connections that node has with other nodes in the network. Since we used trips as a proxy for the connections, and multiple trips by the same or different vehicles may occur between two facilities, each connection can be weighted, resulting in a weighted degree. We used directed edges since it is fair to say that many direct vehicle trips from a to b does not imply the same number of direct trips from b to a.
We started by filtering the 38,264 nodes in the intra-provincial network to those 12,488 that were flagged as being possible locations for major activities. From these we randomly sampled one using its location for the first major activity, weighting each node's probability by the node's weighted degree. From the conditional probability matrix we sampled a start time for the major activity; the number of activities per chain given the sampled start time; and the chain duration given the start time and the number of activities.
For the minor activity locations making up the activity chain, we sampled from the complex network. Starting with the first major activity, we identified all the nodes connected to it via outgoing connections, weighing the probability to be chosen of each with the connection's weight. Once sampled, we proceed in the same way for the sampled node: randomly sampling from the weighted outgoing connections. We proceeded iteratively until we've reached the sampled number of minor activities. The timing of the activities was evenly spaced over the chain's duration.
The final major location was sampled from the complex network by only considering major candidates from the last activity's location. If none existed, one was sampled in the same way as the first major activity.
If a node had no outgoing edges to sample the next location from, all facilities within a 5-kilometre radius were considered and one was randomly chosen from these as the next activity's location.
Inter-provincial chains
Only 1,528 of the 11,262 inter-provincial vehicles were identified as having an activity chain starting on the sampled anchor date. One plausible argument is that long haul inter-provincial activity chains typically exceed a single day, and may have already been in progress on the anchor date.
We had to distinguish between two types of inter-provincial activity chains. We first address in-out chains: those chains that start outside the province, enter through one of the gateways, perform one or more activities inside the province before leaving again through one of the gateways. Of the 1,528 inter-provincial vehicles, 541 were of the in-out type, and we used their observed chains to again populate a conditional probability matrix noting the start time, number of activities per chain and the chain duration. Recall that the portion(s) of a vehicle's chain that falls outside the province has already been replaced with a single entry (or exit) activity, so that the start time was in this case already the time of entry. Additionally we sample a gate pair at which the entry and exit occur. These form the first and last major activities of the chain. The inter-provincial complex network we used to sample the minor activity locations from consisted of 23,908 nodes, and we followed the same sampling procedure as for intra-provincial chains. Minor activities were again evenly spaced over the chain's duration.
The second type of inter-provincial chain is out-in chains: those chains that start inside the province; leave through one of the gateways; perform a number of activities outside the province before returning again through one of the gateways. Here we dealt with the first (before leaving) and second (after returning) portion of the chain separately. For the first portion we identified 542 vehicles and created a conditional probability matrix from the start time, number of activities, and the chain duration. The first major activity was sampled from the 5,099 nodes that were flagged as possible major activity locations. The required number of minor activities was then sampled, as before, from the complex network. A gate pair was sampled, and we used the first gate as the final major activity, i.e. exit activity that finished the chain.
For the returning part of the out-in chain we start with the second gate of the sampled pair as the first major activity. Here we created a conditional probability matrix of the start time, number of activities, and duration of 445 identified vehicles observed on the anchor date. As before, the minor activities following the entry were sampled from the complex network, and the final major activity was sampled from the 5,099 nodes flagged as possible major activity locations.
Chains spanning multiple calendar days
It occasionally happened that a chain spans over multiple calendar days. Since our ultimate goal is to use the synthetic population in an agent-based transport model, which is commonly only set up for a single 24-hour period, we had to deal with the multi-day chains. Following the procedure of Joubert, Fourie & Axhausen (2010) we split those into multiple artificial chains, with each segment fitting within a single 24-hour period.
Validation
In this section we validate the synthetic population's activity chains using three metrics. Firstly we check whether the vehicle kilometrekilometres travelled (VKT) within the province compares favorably with the observed VKT. Secondly we ensure that the activity chains of inter-provincial traffic enter and exit at the appropriate gates. Lastly, we check the spatiotemporal accuracy of the activities.
Vehicle kilometrekilometres travelled
The agent-based plans generated by Joubert, Fourie & Axhausen (2010) had two major shortcomings. Firstly, it only focused on intra-provincial vehicles, inflating the population to also account for the inter-provincial traffic. From van Heerden & Joubert (2012) we know that inter-provincial vehicles' activity chains are quite different and should be addressed independently. Secondly, when simulated in the Multi-Agent Transport Simulation (MATSim) toolkit, the activity chains resulted in a significant over-estimation of the vehicle kilometrekilometres travelled (VKT), even though the population size itself was much smaller than what it ought to have been.
To see if our complex network approach is an improvement, we approximate the VKT for each vehicle in this section. GPS signals from the fleet management data set are often infrequent, as much as 5 minutes apart, especially if no irregular signals like harsh breaking is reported. This means that we cannot do accurate map matching to obtain the true VKT travelled. To estimate the VKT, we use an A* landmark routing algorithm to find the shortest route between consecutive activities in the activity chain (Hart, Nilsson & Raphael, 1968) . The histogram shown in Fig. 2 shows the different VKT frequencies for the observed chains, our proposed synthetic population's chains, and the original population's chains as used in Joubert, Fourie & Axhausen (2010) . We distinguish again between intra-(2a) and inter-provincial (2b) chains. The overestimation of the original population is quite visible in Fig. 2a . Fitting a two-parameter Weibull distribution to the observed VKT distribution yields a scale parameter λ = 120.7 and shape parameter k = 0.994. The proposed population's VKT yields a Weibull distribution with similar parameters, λ = 131.9 and k = 0.917.
Although the proposed intra-provincial population is more accurate than the original, which had a fitted Weibull distribution with λ = 344.8 and k = 1.578, we still have to reject the null-hypothesis (H0) that claims the proposed population has the same VKT distribution than the observed VKT distribution. A χ 2 statistic is calculated as 1633, much higher than the critical value χ 2 (1-α)(b-c) = 32.67 when using a confidence level α = 0.05, b = 21 bins and c = 2 denoting the parameters for the Weibull distribution. The proposed population compares favorably with the original population in that the latter had a χ 2 value of 35.622. There is a relation between the VKT and the number of activities a chain has. Chains with many activities are assumed to be longer (in distance). In Fig. 3 we plot the VKT-to-number-of-activity relationships for both the observed and our synthetic activity chains, distinguishing again between intra-(3a) and inter-provincial (3a) traffic. Consistent with expectation, long haul inter-provincial activity chains tend to have fewer activities per chain. Since we calculate the VKT using only the portion of the chain inside the province, the scale of the y-axis for intraand inter-provincial vehicles are the same. Table 1 provides some summary statistics on the number of activities per chain observed and simulated. The proposed population of commercial vehicle chains again compares favorably. 
Gateway pairs
To validate whether vehicles from the synthetic population enter and exit through the correct gates, the gate pairs from the synthetic population were compared to the gate pairs from the observed data. Table 2a shows the observed proportions of in-out chains' gate pairs. The table represents all normal Tuesday chains in the 6-month period. To ease interpretation we shaded the proportions, the darker a cell appears in the row (or column), the higher the proportion of that specific gate pair. Table 2b shows the proportions of in out-chains from the synthetic population. Similarly , Tables 3a and 3b show the observed proportions from the observed and synthetic population for out-in chains. All proportions smaller than 0.05 were omitted from the tables. The row and column totals are expressed as percentages of the total number of entries (and exits).
The proportions obtained from the generated synthetic population correlate well with the observed data. The prominent dark diagonal is again more evident in the simulated out-in chains' table, which also corresponds with the observations. 
Spatiotemporal comparison
So far we've mainly addressed the spatial aspects of the activity chain validation. In this section we add a temporal dimension. Spatially we aggregate the activity density to the mesozone level provided by the Geospatial Analysis Platform (GAP), a near equal-area demarcation that follows important administrative and physiographic boundaries (CSIR Built Environment, 2012) . Temporally the activities are aggregated on an hourly basis. We again distinguish between intra-and inter-provincial activity chains and illustrate the comparison for the tenth hour in Fig. 4 . Over the entire 24-hour horizon the simulated chains compare favorably, both spatially and temporally. Densities for the observed and simulated maps are scaled relative to the highest daily value for that map. Consider for example a zone, say zone 1, for which the observed activity count in the sixth hour was 10. If the highest observed activity count throughout the day was 350 in another zone, then zone 1's relative density will be 10 / 350 ≈ 2.9%. It follows that the relative density for any map will have a range between 0% (no activities observed) and 100% (highest number of activities for the day observed).
In any hour h the difference between the relative observed density in zone z, o z h , and the relative simulated density in that zone and hour, s z h , is a measure of how accurate our synthetic population is in both space and time simultaneously. A positive difference, that is when h h z z o s > 0, implies that the synthetic population is underestimating the activity density and shows fewer activities taking place in that hour in that particular zone.
Conversely, a negative difference implies an overestimation with more activities simulated in that hour than what was observed in that particular zone.
We chose the tenth hour as it has, for both intra-and inter-provincial chains, the highest activity density. In the case of intra-provincial chains we see a similarity in the general distribution. This is indeed a positive result since the locations were not sampled from a kernel density estimate, but is rather the result from the activity sequences from the complex network.
Recall that the complex network from which we've sampled the activity sequences is the result of a clustering algorithm. The clustering resulted in many activity locations being omitted from the complex network. Intuitively one may expect our synthetic activity chains (Fig. 4b) to then be more concentrated around the same facilities that did make it into the complex network. Yet, from Fig. 4a we see that the observed chains were actually more concentrated. One argument might be that the activity locations that were omitted following the density based clustering, may indeed be centrally located. This is an avenue that could be investigated in future. The clustering parameters evaluated by Joubert & Axhausen (2013) considered a gold standard based on expert opinion. One may wish to choose different parameter values: values that find a balance not with the best match to the standard, but rather a play-off between the computational burden of extracting and sampling from a complex network, and the number of activity locations dropped. In an ideal situation the complex network should contain all the activity locations, but this is indeed not computationally viable (yet).
The intra-provincial chains are dominated by the high number of simulated activities (entries and exits) that appear at the sixth gateway. We could not find any particular reason for the high number of simulated activities.
Conclusion
The simulated population created in this paper succeeded in addressing the drawbacks of earlier work. Firstly, it considered both intra-and inter-provincial commercial vehicles and generated independent subpopulations, each representing the original observed subpopulations accurately. Secondly, the use of complex networks to sample activity sequences from yielded more accurately vehicle kilometrekilometres travelled while remaining fairly accurate in both space and time.
Since the simulated population is the result of many random draws, variation will necessarily occur between different simulated populations, and rightfully so. We are continuing with this research to consider the repeatability of the results for different simulated populations, and in doing so establish a confidence interval for the validation results.
Two avenues of further research are noted. In this paper we spread the activities evenly over the duration of the chain, with little cognizance of the distance between consecutive activities, or the time of day at which the trip between them occur. The spatiotemporal validation results may indeed improve further if a suitable heuristic can be implemented. The second avenue would be to simulated the proposed population(s) and evaluate a) how the commercial vehicles adapt their activity chains in the co-evolutionary setting such as MATSim; and b) how well the simulated population compares against actual traffic patterns.
This commercial vehicle population will serve as a base commercial vehicle population, which will be simulated in conjunction with private vehicles. Recent developments in commercial vehicle modelling by Schroeder, Zilske, Liedtke & Nagel (2012) have seen the development of a freight framework in MATSim that provides the capability to model behavior-rich commercial vehicle traffic. Such a population can then be introduced into the model by iteratively replacing activity chains from the base population by activity chains that result from behavioral interactions found in supply chains.
